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Given the high demand in South Korea, apartments, constituting 78% of residential projects, have witnessed
substantial construction. This growth has coincided with an increase in defects appearing throughout the life
cycle of construction projects, frequently becoming a central factor in the escalating disputes between general
contractors and occupants. Some defects only surface during occupancy, underscoring the need to address and
fulfill occupant requirements during the repairing, given their dissatisfaction can fuel such disputes. Post-
occupancy evaluation (POE) offers valuable feedback yet is often subjective, influenced by the perspectives of
companies and managers, potentially failing to capture user experiences accurately. The development of POE
concerning the construction defect repair service has not been paid attention to, for newly constructed apart-
ments. To overcome these challenges, this paper introduces a Latent Dirichlet Allocation (LDA)-based framework
for identifying evaluation metrics, enabling the development of a POE process for construction defect repair
services in newly constructed apartments. As a result, “repeated construction”, “rapid response”, “promised
fulfillment”, “punctuality”, “defect processing”, and “services and finishing” are identified as key evaluation
metrics. Besides enhancing the serviceability of construction defect repair services, the proposed methodology
offers the means to continuously monitor occupant experiences and preferences across varying times and regions.

1. Background and introduction

The South Korean economy relies heavily on the construction in-
dustry, constituting a substantial portion of its Gross Domestic Product,
estimated at 15%-20% (Construction and Economy research Institute of
Korea). Apartments stand out as a high demand building type among the
various construction projects, accounting for a significant 78% of resi-
dential projects due to their popularity in South Korea (Defect Exami-
nation Dispute Resolution Committee (DEDR)). The number of defects in
newly constructed apartments tends to escalate during the life cycle of
construction projects. This paper defines a construction defect as “a
deficiency or shortfall in the building’s function, performance, statutory
compliance, or user requirements, which may manifest within its
structure, materials, services, or other associated facilities” (Watt,
1999).

Given that defects are pervasive not only in apartments but also in
other types of facilities, South Korea has established a defect liability
system outlined in the Housing Act, the Collective Building Act, the
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Framework Act on the Construction Industry, and the Multi-Unit
Housing Management Act to address and rectify these issues (Korea
Ministry of Government Legislationa,b,c,d). Under this system, general
contractors, acting as construction companies, offer a warranty period
(2-5 years) for newly constructed apartments to repair any defects re-
ported by the occupants during occupancy. Despite these efforts,
resolving construction defect disputes remains an ongoing challenge.
The Defect Examination Dispute Resolution Committee under the South
Korean Ministry of Land has observed a steady rise in such disputes
between general contractors and occupants year after year (Defect Ex-
amination Dispute Resolution Committee (DEDR)). Furthermore, it is
worth noting that numerous researchers concur that construction defect
litigation continues to increase worldwide, although comprehensive
statistics are not readily available (Brogan et al., 2018; Noble-Allgire,
2009; Grosskopf et al., 2008).

There are primarily two ways to mitigate the number of construction
defect disputes: (1) prevent the occurrence of construction defects by
identifying and eliminating their root causes in the life cycle of
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construction projects, and (2) recognize and satisfy the occupants’ re-
quirements during the repair process in the occupancy stage. This paper
concentrates explicitly on identifying and fulfilling occupants’ needs
during repair procedures for construction defects that occur within the
warranty period for new apartments. Post-occupancy evaluation (POE)
is a method to collect feedback for various parameters, such as energy
performance, indoor environment quality (IEQ), occupants’ satisfaction,
and productivity (Li et al., 2018).

In this respect, Kalantari and Snell (2017) have used POE to examine
the effectiveness of design innovations in a mental healthcare facility
based on hospital staff perception and feedback acquired via interviews
and surveys. This approach is widely adopted to investigate design
features tailored to specific occupant groups and the design processes of
projects, particularly for public buildings and residential houses (Dik-
men and Elias-Ozkan, 2016; Wongbumru and Dewancker, 2016; Gran-
gaard and Ryhl, 2016). The POE methodology measures occupants’
satisfaction levels and identifies their requirements; it has been
employed to evaluate occupants’ comfort, satisfaction, well-being, and
health in green buildings (Khair et al., 2015; Martellotta et al., 2016).
Furthermore, POE has been utilized by Leder et al. (2016) to explore the
factors influencing occupants’ satisfaction with the indoor environment
within office buildings.

POE techniques can broadly be categorized into subjective methods
and physical measurements. The subjective methods involve (1) occu-
pant surveys such as standardized occupant satisfaction, thermal com-
fort, and customized surveys; (2) interviews and group meetings with
occupants or experts; and (3) walkthroughs to identify issues along with
photos and/or video recording sessions, checklists, and observation
forms. Physical measurements are typically employed for assessing en-
ergy and water consumption and IEQ. This includes measurements
related to thermal conditions, lighting, acoustics, and other relevant
parameters. Subjective methods, such as user surveys and interviews,
have been used in previous studies to identify user satisfaction factors of
urban infrastructure (e.g., metro and water distribution systems) and
improve urban infrastructure maintenance practices for safety and
serviceability (Abdul-Rahman et al., 2015; Kang and Lee, 2012; Shafi-
zadeh and Mannering, 2006; Drake and Zechman, 2012a). However, it is
noteworthy that there is a gap in the literature regarding conducting
POE:s for newly constructed apartments to gain a deeper understanding
of occupants’ experiences of repair services during the warranty period.

In practice, repair services for new apartments are provided in South
Korea to repair the defects not detected during construction till a few
years after the construction. Upon completing the repairs, a general
contractor conducts surveys and interviews with the occupants. These
interactions aim to assess the occupants’ experiences with the repair
services, categorizing their satisfaction levels into “very satisfied”,
“satisfied”, “dissatisfied”, and “very dissatisfied”. The survey and
interview results are stored in a central database in a Korean text format.
However, questionnaires used in these surveys and interviews often
reflect the construction companies’ perspective rather than the occu-
pants’ requirements’ (Chang et al., 2021; Queiros et al., 2017) since
these approaches are subjective, time-consuming, and prone to error.
These challenges hinder the serviceability of the repair process and the
credibility of construction companies essential to mitigate construction
defect disputes and remain competitive in domestic and international
construction markets.

To address these limitations, this paper aims to identify evaluation
metrics that facilitate an objective assessment of occupants’ experiences
regarding the defects repair process in newly constructed apartments; it
involves applying text-mining techniques to the occupants’ comments
stored in a Korean text format. To achieve this objective, this paper
proposes a quantitative approach consisting of (1) text pre-processing
involving cleaning and lemmatization, tokenization, morphological
analysis, stopwords removal, and bigrams generation; (2) term fre-
quency (TF) analysis to identify keywords following different levels of
occupants’ satisfaction and dissatisfaction; and (3) developing a Latent
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Dirichlet Allocation (LDA) model to extract occupants’ topics of interest
during repair process of construction defects. This paper uses the oc-
cupants’ data—obtained from a collaborative construction company in
South Korea—in a Korean text format.

2. Literature review
2.1. Post-occupancy evaluation

POE is generally adopted to verify whether the facilities (e.g.,
buildings, bridges, and roads) perform as intended. To recognize the
purposes of POE studies, Li et al. (2018) reviewed large numbers of
published papers and the top ten frequently used words, including
building(s), performance, occupant(s), evaluate, energy, environment
(al), user(s), satisfaction, assess, and indoor. In this respect, POE’s aims
can be divided into direct and indirect purposes. The direct purposes of
POE are to evaluate design, occupants’ satisfaction, IEQ (e.g., thermal
condition, lighting, and indoor air quality), energy performance (e.g.,
energy use and energy-saving strategies), and the quality and func-
tionality of facilities (Kalantari and Snell, 2017; Leder et al., 2016; Gupta
et al., 2014; Shepley et al., 2012). The indirect purposes of POE involve
identifying facilities’ technical issues (e.g., overheating risk), improving
the POE methods, and evaluating the effectiveness of specific technol-
ogies such as mixed-mode air conditioning and natural ventilation
(McLeod and Swainson, 2017; Spataru and Gillott, 2011; Thomas,
2017).

Corresponding to the objective of this research, this paper focuses on
the direct purposes of POE, especially occupants’ satisfaction levels. In a
detailed view of direct objectives in POE studies, Ali et al. (2015)
explored the effect of the physical environment’s comfort on employees’
performance in office buildings. Dorsey and Hedge (2017) implemented
POE to examine the performance of a LEED platinum-certified building
by evaluating the IEQ in relation to the occupants’ comfort and satis-
faction. Ferri et al. (2015) discussed end-user impressions and experi-
ences in a new intensive care unit built using evidence-based design (e.
g., atmosphere and size) through POE. In this respect, POE is executed to
understand users’ opinions, experiences, and behaviors in various types
of facilities such as infrastructure (e.g., railroad stations) and buildings
(Chang et al., 2021; Zheng et al., 2010; Brown, 2016). For example,
Sanni-Anibire and Hassanain (2016) assessed the quality of student
housing facilities related to the performance and control of thermostats,
quality of building support services, size of rooms, furniture, and prox-
imity to the cafeteria. Husin et al. (2015) used POE as a safety perfor-
mance measurement tool to analyze the correlation between occupants’
satisfaction and safety performance levels in low-cost housing.

To improve the quality and serviceability of maintenance manage-
ment for facilities, previous studies focused on applying user experiences
obtained from the results of the user surveys (Abdul-Rahman et al.,
2015; Kang and Lee, 2012). Drake and Zechman (2012b) sought to learn
about the inconveniences (e.g., time and location constraints) of using a
water distribution system by analyzing written user complaints. Simi-
larly, Haider et al. (2016) attempted to enhance the reliability of the
water supply system by identifying and mitigating technical problems,
the leading causes of user dissatisfaction, based on the user complaints
in the POE. Chang et al. (2021) examined user experiences and satis-
faction levels with infrastructure management for tunnels and bridges
under construction by identifying the user-experience factors obtained
from civil complaints.

Regarding the failures in building performance, 60% of the most
common defects are related to building envelope issues (Brogan et al.,
2018). Thus, occupants’ satisfaction levels are determined by how effi-
ciently and accurately these defects are repaired (Million et al., 2017). In
this respect, previous studies have identified occupant satisfaction fac-
tors by exploring the relationship between occupant satisfaction and
building performance (Nawawi and Khalil, 2008; Villeneuve and
O’Brien, 2020). Based on the results of the studies described above,
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beyond its general purpose, POE is widely used in the construction
domain to evaluate, assess, and investigate occupants’ experiences and
opinions to improve maintenance strategies and management for better
quality, safety, and serviceability.

2.2. Information extraction in text mining

According to advanced technology (e.g., radio frequency tags and 3D
laser scanners), the construction industry generates and stores a large set
of data such as text documents, numerical data, digital images, and
videos for various purposes—heating and air conditioning control for
high-quality indoor environment and inspection. Notably, the text
documents involving contracts, change orders, design and progress re-
ports, schedules, and accident records are critical; these documents’
knowledge and valuable information support the planning, controlling,
and decision-making for timely and within-budget completion of con-
struction projects. Therefore, learning to extract useful information from
text format-based data efficiently and accurately is essential. The ar-
chitecture, engineering, and construction (AEC) domain has been
focusing on text mining (TM) as one of the solutions since it can sum-
marize knowledge and identify valuable insights from large databases
while saving time and cost.

Text mining (TM) is defined as a process where a user analyzes a
collection of text data over time, applying a series of techniques (Feld-
man and Sanger, 2007). In this regard, TM involving text pre-processing
and knowledge extraction has been widely used in the AEC domain for
safety management, public opinion analysis, compliance checking,
building design, method development or improvement, and contract
management (Yan et al., 2022). Depending on the objectives of TM
projects, the knowledge extraction process involves four categories: (1)
text classification, which aims to classify a set of textual documents into
predefined categories such as topics and subjects; (2) text clustering, to
assign each document in a collection to one or more groups (Feldman
and Sanger, 2007); (3) information extraction to extract the required
data from the documents to fill in the slots in a pre-defined pattern or
spreadsheet (Hassan and Le, 2020); and (4) information retrieval which
acts like a search engine retrieving information from a large set of
documents based on a query or some keywords. This paper focuses on
information extraction from public opinion data, also called user expe-
riences/complaints; it is aligned with this paper’s objective of extracting
and identifying interesting occupant experience topics in the defects
repair process during the warranty period of new apartments.

In the construction industry, public opinions are collected to identify
social phenomena; they provide valuable information from social media
data, which is enormous, unstructured, and heterogeneous (Yan et al.,
2022; Liu and Hu, 2019; Wang et al., 2018) for decision-making,
maintenance strategies for green buildings, and off-site construction.
In addition, this information can help policymakers understand public
attitudes and sentiments effectively. In other words, end-user mainte-
nance feedback contains valuable and worthwhile information to iden-
tify the common fault symptoms and problems to improve property
management. In this respect, Zhong et al. (2019) developed a convolu-
tional neural network-based approach to explore building quality
complaints based on twelve pre-defined parameters, such as leakage,
hollowing, cracking, and construction impact.

Topic modeling and sentiment analysis were implemented to extract
and understand public issues and user perceptions about infrastructure
megaprojects (e.g., metro systems) from social media platforms (Zhang
etal., 2021; Zeng et al., 2023). In a similar study, Zeng et al. (Chen et al.,
2022) explored public perceptions of construction health and safety by
analyzing Instagram posts based on LDA applications. However, these
studies did not analyze public opinions in detail to identify the leading
causes of users feeling uncomfortable and unsafe while using the
infrastructure. To address this challenge, extracting the required infor-
mation by analyzing sentences and words in user experiences is essen-
tial. For instance, Chen et al. (Zhang and El-Gohary, 2016) introduced a
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framework to understand residential electricity demand using a dy-
namic energy lifestyles approach. The dynamic energy life-
styles/consumption patterns were obtained by applying LDA to extract
latent household energy attributes. To extend the application of infor-
mation extraction to the construction domain, Zhang and El-Gohary
(Moon et al., 2020) developed an automated extraction of re-
quirements from regulatory textual documents based on the application
of a rule-based natural language processing approach following syn-
tactic (grammar-related) and semantic (context-related) text features.
Moon et al. (Bastani et al., 2019) introduced information extraction
frameworks to develop an automated specification reviewing model
from bridge inspection reports. Bastani et al. (Jeon et al., 2021) used
LDA to extract latent topics from the Consumer Financial Protection
Bureau (CFPB) complaint narratives. They explored the associated
trends over time to identify insightful knowledge related to the problems
experienced by CFPB consumers. On the same lines, Jeon et al. (Hagen
etal., 2015) identified metrics to develop a comprehensive Purdue index
by analyzing peer-reviewed papers based on the application of LDA.

While previous studies have introduced various TM and POE tech-
niques to enhance building performance and infrastructure mainte-
nance, they still face several limitations. First, current POE practices
often rely on subjective questionnaires designed from the perspective of
companies or managers, which may not accurately reflect user experi-
ences and satisfaction levels. This gap underscores the need for an
objective and rational POE process to effectively identify the underlying
issues contributing to occupant satisfaction or dissatisfaction during the
repair services within the warranty period. Moreover, occupant prior-
ities regarding construction defect repair services may evolve over time.
Consequently, POE evaluation metrics should continuously change to
enhance the serviceability and quality of repair services and improve the
company’s credibility by monitoring occupant experiences. However,
no existing study has proposed a framework for systematically moni-
toring occupant experiences and regularly improving the POE. In
response to these challenges and as an initial step towards developing an
objective POE tailored to occupants residing in newly constructed
apartments, this paper aims to identify evaluation metrics derived from
the analysis of occupant experiences presented in a Korean textual
format using the LDA algorithm.

3. Proposed methodology

Fig. 1 represents the proposed methodology, which involved data
collection, text pre-processing, and identification of evaluation metrics.
The initial procedure included collecting occupants’ feedback in the text
format, which was stored in a central database in a collaborative con-
struction company in South Korea. The collaborative company operates
a customer service center (CSC) with the following roles: (1) respond to
the occupants’ reports regarding defects in their apartment units; (2)
coordinate the repairing schedule between the occupants and sub-
contractors; and (3) collate the occupants’ experiences of the repairing
services and store their comments into the central database after the

Text Pre-processing
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Fig. 1. Research methodology.
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repair work ends.

The second step involved text pre-processing, essential in data min-
ing to convert unstructured data into a structured form to extract
valuable information efficiently and effectively. This process involves
cleaning and lemmatization, tokenization, morpheme analysis, stop-
word removal, TF analysis, and bigrams generation. At this juncture, it
should be noted that the stopword removal and TF analysis are imple-
mented interactively to eliminate irrelevant words (e.g., “painting” and
“caulking”) related to repairs. The last step, topic modeling, a text
mining technique, was implemented to analyze occupant experiences
and discover latent topics; this helped develop the evaluation metrics for
the POE of repair services for the defects in the newly built apartments.
This paper used Python version 3.8.7 to implement the proposed
methodology successfully.

3.1. Data collection

Generally, a construction company in Korea provides a warranty
period ranging from one to five years to repair the defects reported by
the occupants in their newly constructed apartment units, depending on
the defects and the project. The procedure for repairing the defects in-
volves (1) the occupants reporting the identified defects to the CSC
operated by the general contractor; (2) the CSC requesting the engineers
to visit the units to confirm the defects; (3) scheduling repair dates be-
tween engineers and occupants after the engineers confirm the defects;
and (4) undertaking repair work until the occupants are satisfied with
their quality and completeness. To confirm that the occupants are
satisfied with the repair work, the CSC receives and stores their feedback
in a text format in their database. The feedback contains positive or
negative content depending upon the occupants’ experiences during the
repair services. The raw data had 32,895 sets of feedback (claims to
repair the defects) from occupants between October 2018 and
September 2021.

As shown in Table 1, the raw data comprised the following infor-
mation: (1) occupant’s feelings and opinions (e.g., “I was disappointed”
and “use another brand’s product™); (2) the items to be repaired and the
problems caused by the defects (e.g., “door closer” and “leakage™); (3)
reasons for the occupant’s complaints (e.g., “many defects”, “no visit
and contact”, and “not completely removed”); and (4) recurrent
repairing services the occupants requested during the repair period (e.g.,
“in three years I have requested”). In addition, depending on the occu-
pants’ experiences during the repair period, they rate the credibility of
the company (e.g., “reliability of the company”), which can be signifi-
cant in improving or damaging the construction company’s brand
image.

Table 1
Examples of the raw data.
Feedbacks ~ Raw Data
1 There was no visit and contact even though the visiting date was on

June 22nd. Although works to repair the leaking was done previously,
leaking was still existed and not fixed yet for a long time. I was very
disappointed in the services given by your company since you did not
fulfill the promise. The reliability of the company was worst.

2 Although it was paid by me to replace the broken tiles caused by my
fault, I hope that you could provide accurate prices estimated in detail
such as price per tile and labour cost instead of approximate price.
However, I appreciate your service.

3 You did not completely remove the silicone from the glass

4 Why do not you use another brand products since the door was not
closed perfectly even though a new door closer, which was the same
product used before, was replaced? It was unpleasant that the company
did not seem to acknowledge the problems with the initial products.

5 There were too many defects and no repair them quickly. I took off on
the weekdays for this repair. Why did not you repair the defects on the
weekend? It seems that repairing the floor was done in three years I
have requested.
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3.2. Text pre-processing

Text pre-processing aims to convert raw text data into meaningful
terms for completing the text mining analysis. As illustrated in Fig. 1, the
proposed text pre-processing involves six tasks: cleaning and lemmati-
zation, tokenization, morphological analysis, stopwords removal, TF
analysis, and bigrams generation. It should be noted that text pre-
processing generally involves converting to lowercase in other lan-
guages, especially English; however, there are no uppercase and
lowercase in Korean. Due to this, this paper does not involve this task.
Step 1, cleaning and lemmatization, aims to (1) clean the data of un-
necessary noise such as punctuation marks (e.g., “!”, “?”, «.,”, and “,”)
and numbers, which do not contribute to developing the LDA model; and
(2) convert words to their root form (i.e., “cleaning”, “cleaned”, “cleans”
—> “clean”). The spelling check and correct spelling tasks are performed
to complete this task successfully.

In addition, the same and similar meaning terms are replaced with a
single representative word, leading to reduced feature numbers in the
dataset. Tokenization in text preprocessing is critical since it divides a
sentence into a set of words called tokens (Naver). Since nouns in Korean
commonly provide critical information in each sentence, the research
team had to extract meaningful nouns to identify the factors measuring
the occupants’ interests during/after the repair services (Chang et al.,
2021). The morphological analysis aims to tag token morphemes as
adjectives, nouns, suffix modifiers, adverbs, or prepositional particles.
The nouns are extracted next; however, some Korean adjectives (e.g.,
“corrective”) and verbs (e.g., “repair” and “claim™) also contained sig-
nificant information associated with occupants’ interests during the
repairing of defects. Therefore, these terms were transformed nouns. For
example, “corrective”, an adjective, was transformed into “correction”,
the noun. This paper used the KoNLPy Python package, commonly
adopted for successful morphological analysis in Korean.

Based on the results of the morphological analysis, stopword removal
was performed to discard common terms with little value for the
research objectives. To accelerate the stopword removal, TF analysis,
which sorts the most frequent terms efficiently, was employed to iden-
tify and eliminate not only the common terms but also the terms
involving the statuses of defects (e.g., “leaking” and “broken”), places
where there were defects (e.g., “window”, “door”, “living room”,
“structure”, “entrance”, and “bedroom”), and materials (e.g., “drywall”,
“caulking”, “concrete”, “light”, and “cement™). Finally, the adjacent
tokens were combined to create bigrams, primarily used to develop the
LDA model (Hagen et al., 2015). Fig. 2 represents the procedures of text
pre-processing described above.

3.3. Identification of evaluation metrics using LDA model

Natural language processing (NLP) enables computers to understand
natural language as humans do, based on artificial intelligence algo-
rithms. An unsupervised NLP method is widely used in academia and
practice to identify patterns from textual data without a time-consuming
and tedious labeling process (Wallach, 2006). In this respect, as one of
the representative models in the unsupervised NLP method, topic
modeling aims to extract latent topics from a large corpus of textual data
(Liu et al., 2019). Topic modeling has various techniques, such as LDA,
latent and probabilistic latent semantic analyses, based on identifying
trending topics and themes, trends of safety accidents, and patterns and
trends in the evolution of BIM in the construction domain (Lee et al.,
2017; Yalcinkaya and Singh, 2015; Blei, 2012). At this juncture, it
should be noted that this paper selected LDA to identify latent topics that
became the evaluation metrics for occupants’ experience of getting the
construction defects repaired during the warranty period of newly built
apartments; LDA is less prone to overfitting and demonstrates higher
efficiency in dealing with large-scale datasets, also called corpus (Hagen
et al., 2015). LDA assigns words in a document to random variables and
groups them based on a semantic feature, an iterative probabilistic
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[*After the construction, an engineer damaged the concrete supporting the door, created a
hole in the wall, and claimed that he would take corrective action. However, he left
without proper communication.’]

[‘after’, ‘the’, ‘construction’, ‘an’, ‘engineer’, ‘damage’, ‘the’, ‘concrete’, ‘support’, ‘the’,

‘door’, ‘create’, ‘a’, ‘hole’, “in’, ‘the’, ‘wall’, ‘and’, ‘claim’, ‘that’, ‘he’, ‘will’, ‘take’,
‘corrective’, ‘action’, ‘However’, ‘he’, ‘leave’, ‘without’, ‘proper’, ‘communication’]

[‘construction’, ‘engineer’, ‘damage’, ‘support’, ‘claim’, ‘correction’, ‘action’, ‘leave’,

“communication’]

Bigram e
g “communication’)]

[(‘construction’, ‘engineer’), (‘damage’, ‘support’), (‘claim’, ‘correction’), ---- (‘leave’,

Fig. 2. Procedures of text pre-processing.

process using the Dirichlet distribution (Blei et al., 2003).

Where «a, = dirichlet distribution; 6, = word distribution in a topic
k; 64 = topic proportion per document d; z = word topic assignment; and
w = a specific word.

As shown in Fig. 3, the process flow of the LDA model has three plates
that indicate the repetitive processes due to the number of documents
(D), the number of words in a single document (N), and the number of
topics (K). According to the previous studies (Blei et al., 2003; Stevens
et al., 2012), the generation process of the LDA model involves mainly
four procedures. First, select a multinomial distribution & for topic k
from a Dirichlet distribution with parameter  represented in Eq. (1).

8 ~ Dir(B)k € {1,2,.....K} €h)
Second, extract a multinomial distribution 64 for document d from a
Dirichlet distribution with parameter a using Eq. (2).

04 ~ Dir(a)d € {1,2,......D} )

Third, as shown in Eq. (3), 24, is derived from the distribution 64 and
a word, wg, is computed from the distribution &, .

Zd,n ~ Multt(&d)

Wiy ~ Multi(67,,,)d €{1,2,...... D},n€{1,2,.....N} 3)

Last, in the generative process of LDA, 6; and &z, , are the latent
variables but Wy,, is the observed variable. As shown in Eq. (4), given a
and f as hyperparameters, the marginal probability of documents, D, is
computed based on calculating the probability of word, p(Wg,).

p(Wanla, f) = /p<€d‘a) <ﬂ ZP(Zd.n{Gd)P(Wd,n

n=1 Zyn

Zd,n-ﬂ)> do,

p(Dla,p)= 1] / p(0dla) (HZp(zd.uled)p(wd,n|zd.,,,ﬂ)>d0d &)

n=1 Zg,

To develop an LDA model, o, #, K, and 6 must be defined by users
depending on the contents of the document set. For example, their
values should be more than 1 when the user wants more even distri-
butions for several topics. Otherwise, these values should be less than 1,
resulting in concentrated distributions over a few topics or words. To
measure the statistical reliability of the LDA model (Sun et al., 2014), the

Repetitive process

7
.2 K

Fig. 3. Process flow of LDA model.

coherence value of the resultant topic model is calculated due to the
following roles: (1) assessing the quality of a topic by measuring the
degree of semantic similarity between words assigned to a topic; and (2)
differentiating between topics which possess semantic interpretability
and are artifacts of statistical inference. Therefore, the coherence value
is used as a threshold to determine the number of topics based on the
error-trial method. The range of the coherence value is between 0 and 1.
In this respect, a higher coherence value of a topic model means the
topic involves a group of similar words.

As a result, the number of topics obtained in LDA represents the
essential factors that the occupants are interested in to determine their
satisfaction levels during the repair services for the remediation of the
defects. That is, the topics in this paper will be used as evaluation
metrics to assess the repair services objectively so that their quality can
be improved continuously by mitigating the causes of occupants’
dissatisfaction and enhancing occupant satisfaction. However, the
number of topics (i.e., five) cannot be used naturally for the POE of
repairing service since it should be simple, easy, and intuitive for opti-
mum occupants’ responsiveness. In addition, the factors/topics of oc-
cupants’ interest can be modified by time periods (in this paper, one
month is the time unit). In this respect, this paper implemented the
popularity analysis topic, which represents the frequency of the topic
over time normalized by the proportions of the topics. Since each
occupant feedback was assigned to a mixture of topics with different
ratios in the LDA model, the balance must be considered in the topic
popularity (P) calculated by Eq. (5).
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where i = topic index; t = time index; d = occupant feedback index; n =
total sets of occupant feedback; 0,4, = the proportion of topic ID i,
assigned to the occupant feedback index d,.

4. Results and discussion

The initial dataset was sourced from a collaborative construction
company. It encompassed a total of 13,895 data points, distributed as
follows: 5111 in Seoul, 3351 in Gyeonggi province, 2429 in the central
region, 2552 in the southern region, and 452 in Kangwon province
within South Korea. To convert this raw data into a meaningful and well-
structured format, text pre-processing was conducted using Python.
Initially, a cleaning process was applied, which involved two main ac-
tions: (1) removal of incomplete or improperly filled occupants’ expe-
riences, resulting in the removal of 6842 claims, and (2) elimination of
redundant data, including numbers and punctuation marks. To ensure
successful lemmatization, an automatic spelling error correction was
performed using py-hanspell (National Institute of Korean Language).
Correcting spelling errors was deemed essential for effective lemmati-
zation and tokenization in Korean, given its unique grammatical
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characteristics. It is worth noting that py-hanspell allows users to check
and correct a limited number of words (500 words) based on the stan-
dard Korean dictionary published by the National Institute of Korean
Language (Modupe et al., 2014). Given the dataset’s 85,113
space-separated words, spelling error correction was performed
repeatedly.

Subsequently, tokenization was employed to break down sentences
into individual words, and morphological analysis was conducted to tag
the token morphemes using the KoNLPy Python package, specifically the
OKT module. Based on tokenization and morphological analysis results,
words with similar or identical meanings were consolidated into single
representative terms. For instance, as depicted in Table 2, occupants’
feedback frequently employed terms like “quickly”, “promptly”, “fast”,
“immediately”, and “rapid”, all of which were substituted with “rapid”.
A total of 33 synonym cases were identified. It is essential to highlight
that nouns were chosen as representative words because, in Korean,
nouns typically convey crucial information, such as users’ intentions and
objectives within each sentence. Significant nouns were extracted from
the dataset to align with the research objectives, which involved iden-
tifying occupants’ areas of interest during and after construction defect
repair services. As a result, the dataset ultimately comprised 69,322
words, separated by spaces.

Although prior data cleaning efforts resolved specific issues, the
dataset still contained stopwords—words irrelevant to the research ob-
jectives. To address this, we employed TF analysis to identify and
eliminate a particular set of stopwords from the dataset. These stop-
words were determined based on the following criteria: (1) locations and
statuses of defects; (2) names of companies; (3) materials; (4) private
information of residents (e.g., phone numbers, names, and unit
numbers); and (5) emotional behaviors. To elaborate, as presented in
Table 2, words like “shout” and “disappointment”, representing occu-
pants’ emotions, “kitchen” and “window”, denoting defect locations,
and “brand”, signifying company names, were detected and subse-
quently eliminated. During the TF analysis for identifying stopwords,
the term “defect” exhibited the highest frequency. It was designated as a
stopword due to its frequent use when occupants reported defects in
their units. However, the term “repair” was retained in the dataset
because it contained valuable information for understanding occupants’
interests efficiently. We created a word cloud to gain insight into oc-
cupants’ interest in construction defect repair services, as depicted in
Fig. 4. The examples of words in the word cloud represented the top ten
keywords, which included terms such as “processing”, “repair”, “time”,
“request”, “response”, “appreciation”, “construction”, “fulfillment”,
“quality”, and “receipt”.

The dataset comprised 40,323 words separated by spaces and
covered 6234 requisition cases. The research team generated a time
frame of requisition cases from October 2017 to September 2021 to gain
deeper insights into these data points. Within this timeframe, it was
observed that 5165 defect claims occurred between November 2018 and
December 2019, with an additional 673 defect cases reported between
June 2021 and September 2021. For the remaining periods, there were
fewer than 15 defect claims. Regarding the types of defects, the most
common were related to doors, windows, general furniture, tiling,
heating, ventilation, air conditioning, wallpaper, flooring, and elec-
tricity. These defect types accounted for 4751 out of the 6234 total

Table 2
Examples of synonyms and stopwords.
Category word Representative
word
Synonym “replacement”, “recovery”, “fix”, “repair” “repair”
(33) “capacity”, “experience”, “ability”, “skill” “professionalism”
“quickly”, “promptly”, “fast”, “immediately”,  “rapid”
“rapid”
Stopword “shout”, “disappointment”, “bathroom”,
(436) “kitchen”, “window”, “brand”
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defect claims. This information is illustrated in Fig. 5.

After conducting text pre-processing, the initial step of the LDA
analysis involved determining three crucial parameters: o, p, and K. In
general, o and f are often referred to as smoothing parameters; they play
a significant role in shaping the distribution of topics and words within
the dataset (Buenano-fernandez et al., 2020). When these parameters
exceed a value of 1, they tend to yield a more uniform distribution,
whereas values below one result in a more concentrated distribution of
topics or words. Based on the findings of prior studies, it has been
established that setting a and f to 0.1 consistently produces superior
results in terms of generating semantically meaningful topics (Jeon
et al., 2021; Hagen et al., 2015; Blei et al., 2003). Consequently, this
paper adopted the default values of a = 0.1 and p = 0.1.

Furthermore, the number of topics, denoted by K, was utilized as a
key input parameter in the LDA model. The optimal value for K was
obtained by calculating the coherence value, which assesses the statis-
tical reliability of the resulting LDA model. This coherence value ranges
from 0 to 1 and indicates how well a group of closely related words can
characterize a topic. A higher coherence value signifies that the LDA
model effectively represents the topic with a cluster of coherent words.
An extensive range from 1 to 50 was explored to identify the optimal K
value. As an initial effort to develop the LDA model, the coherence value
was 0.753 when the number of topics was 12. As represented in Table 3,
the authors concluded that these topics contained irrelevant words (e.g.,
common, several, next, name, photo, noise, and forbiddance) or pre-
sented repeated keywords (e.g., repair, defect, promised, treatment) in
the topics. In this respect, some semantic similarity of the words are
grouped by one representative word. For example, “yet”, “wait”, and
“late” are replaced by “delay”. The “connection”, “installation”, and
“construction” are considered as “repair”. Some irrelevant words are
removed. It should be noted that the number of removal stopwords and
synonyms represented in Fig. 2 is reported based on result of an initial
LDA model development. In addition, as shown in Fig. 1, the LDA model
is developed repetitively in accordance with the number of topics
resulted by the coherence value.

Based on the replacement of words and elimination of the irrelevant
words, remarkably, the highest coherence value of 0.638 was achieved
when the number of topics was set to 6. This trend indicates that
coherence values decrease as K increases. Consequently, this paper
established K = 6 as the default value for the LDA model, as it best aligns
with the underlying structure of the data. Fig. 6 illustrates the coherence
values for different numbers of topics.

The LDA analysis was conducted utilizing the determined parameters
mentioned earlier. The results of the LDA analysis, encompassing topics,
words, and their proportions (), are presented in Table 3. The word
proportions signify the frequency of words associated with each topic.
To illustrate, consider topic 1, which includes words such as “con-
struction”, “repetition”, “customer”, “inconvenience”, “perfection”,
“response”, “repair”, and “incomplete”, along with their respective
proportions enclosed in parentheses. In this context, “construction”
holds the highest frequency within topic 1, with a proportion of 0.184.
Following closely, “repetition” has the next highest frequency at 0.158.
The word “incomplete” exhibits the lowest frequency within this topic.
At this juncture, it should be noted that the proportions of the words
were also used to label the topics.

To understand and characterize the contents of the topics, it is
preferable to label them rather than presenting a combination of words
for each topic. Corresponding to the objective of this paper, the identi-
fication of evaluation metrics for construction defect repair service la-
beling the topics is crucial. However, topic labeling, which discovers
names of topics in this paper, is generally determined by human inter-
pretation and judgement since LDA is an unsupervised learning process
(Hagen et al., 2015; Yalcinkaya and Singh, 2015). That is, it involves a
manual process in which the contribution of an expert in the subject is a
fundamental element (Nanda et al., 2021). In this respect, after
extracting the topics using LDA, the research team had a few meetings
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Fig. 5. (a) TF of requisition cases; (b) Types of defects.

with the industrial partner to define the topic labels. Accordingly, as
recorded in the third column in Table 4, the following topic labels were
determined: repeated construction for topic 1, defect processing for
topic 2, services and finishing for topic 3, rapid response for topic 4,
promised fulfillment for topic 5, and punctuality for topic 6. At this
junction, it should be noted that the industrial partner has constructed
various types of buildings in not only South Korea but also the world
such as Russia, China, Singapore, and Indonesia. As one of the biggest

general contractors, they have mainly constructed high-rise apartments
(approximately 12,988 units in past five years) at all regions of South
Korea.

To validate these labels, the research team randomly selected occu-
pants’ feedback and classified it into one or more relevant labels. This
approach was designed to enhance the efficiency and accuracy of the
labels to address feedback. To illustrate this validation process effec-
tively, this paper utilized examples of occupants’ feedback, as presented
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Table 3
Examples of words associated with 12 topics.
Topic ~ Word
1 Defect, unkindness, completion, continuity, forbiddance, onsite, several,
reason
2 Request, average, fulfillment, promised, evaluation, addition, common,
reason
3 Time, customer, confirmation, fulfillment, solution, forget, delay,
cleanliness
4 Response, defect, next, unkindness, diagnosis, connection, claim, difficulty
5 Kindness, satisfaction, insufficiency, careless, complaint, installation,
consumption
6 Kindness, promised, construction, yet, service, training, complaint, noise
7 Visit, promised, wait, rapid, finishing, problem, displeasure, name
8 Company, opinion, rapid, service, displeasure, late, investigation, careless
9 Repetition, defect, repair, solution, treatment, after-service, incompletion,
process
10 Treatment, accuracy, late, progress, situation, responsibility, completion,
onsite
11 Receipt, quality, complaint, repair, response, wait, photo, smell
12 Appreciation, engineer, cause, construction, inconvenience, solution,
temporary, problem
LDA Coherence Score
0.60 -
0.55 1
o
S 0.50
]
g
g’ 0.45
£
]
0.40 -
0.35 1
0.30
0 10 20 30 40 50
Number of Topics
Fig. 6. Coherence values with different number of topics.
Table 4
Extracted topics with associate words and labels.
Topic ~ Word Label
1 Construction (0.184), repetition (0.158), customer Repeated
(0.13), inconvenience (0.11), perfection (0.096), construction
response (0.096), repair (0.048), incompletion (0.045)
2 Processing (0.362), carefulness (0.134), explanation Defect processing
(0.099), improvement (0.072), repair (0.052),
disappointment (0.044), quality (0.036), reliability
(0.028)
3 Appreciation (0.176), service (0.102), finishing Service and
(0.091), unkindness (0.087), delay (0.075), accuracy finishing
(0.072), diligence (0.072), cleanliness (0.066)
4 Response (0.193), displeasure (0.125), rapid (0.113), Rapid response
satisfaction (0.109), after-service (0.109), quality
(0.066), repair (0.06), receipt (0.04)
5 Request (0.142), promised (0.139), engineer (0.123), Promised
kindness (0.115), receipt (0.11), problem (0.089), fulfillment
repair (0.043), displeasure (0.038), fulfillment (0.036)
6 Time (0.307), company (0.216), visit (0.184), Punctuality

cleaning (0.088), repair (0.04), quality (0.033),
customer (0.022), fulfillment (0.013)
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in Table 1. Feedback 1, for instance, can be effectively addressed using
the following labels: (1) “punctuality” supported by the statement,
“There was no visit and contact even though the visiting date was 22
June.”; (2) ‘“repeated construction”, exemplified by the statement,
“Although the work to repair the leak was done earlier, leaking is still
there and not fixed yet for a long time.”; and (3) “promised fulfillment”
explained by the statement, “I was very disappointed by the services of
your company since you did not fulfill the promise.

The reliability of the company is very poor.” Feedback 2, in contrast,
is best categorized under “defect processing”, as indicated by the
statement, “I wish you could provide accurate prices estimated in detail,
such as price per tile and labor cost, instead of an approximate price.”
Feedback 3 pertains to “service and finishing”, which discusses finishing
after repairing the defect. Feedback 4 is closely related to “repeated
construction” since it addresses the recurrence of the same defect on a
door due to product quality. Lastly, Feedback 5 can be explained by the
labels “punctuality”, based on the statement, “I took time off on week-
days for this repair but received no visit and contact”, and “rapid
response” and “defect processing”, as supported by the statement,
“There were too many defects, and they were not repaired quickly.” As a
result of this validation process, it is evident that the identified labels
effectively addressed the concerns raised in the occupants’ feedback.

While we identified six topics using LDA, it is important to note that
these topics may not naturally serve as evaluation metrics. This is
because occupants’ interests in the construction defect repair process
can change over time. In other words, a company may not need to pri-
oritize improvements in defect repair services related to a topic trending
downwards over time. To address this issue, this paper assessed the
popularity of each topic between October 2018 and September 2021.
Fig. 7 illustrates the temporal trends of these six topics. These temporal
patterns are commonly recognized as indicators of the popularity of
their respective topics, which trends of increase, decrease, or variability
can categorize. Specifically, the topics “rapid response”, “promised
fulfillment”, and “punctuality” exhibited an increasing trend. “Defect
processing” and “services and finishing” garnered attention during
specific periods, such as between March 2020 and December 2020,
when occupants showed notable interest in these aspects. On the other
hand, “repeated construction” maintained consistent attention. It is
worth highlighting that Fig. 5(a) presents the period between January
2020 and May 2021, during which the number of defect reports filed by
occupants remained below ten. Due to this reason, the trends of the six
topics are not adequately represented during this period.

Based on the aforementioned observations and analyses, we can
deduce that the critical factors for evaluating occupant experiences
encompass the following aspects: (1) repeated repairs leading to occu-
pants’ discomfort and inconvenience, as evidenced by words such as
“construction”, ‘“repetition”, “customer”, “inconvenience”, and
“perfection”; (2) defect processing related to the effectiveness of pro-
cessing defects and supported by the terms, “processing”, “carefulness”,
“explanation”, and “improvement”; (3) services and finishing encom-
passing representative attitudes in the CSC (e.g., “unkindness”, “appre-
ciation”, and “service”) and quality of defect repair (e.g., “finishing”,
“accuracy”, and “cleanliness™); (4) rapid response when defects were
reported and indicated by words such as “response”, “rapid”, “quality”,
or “repair”; (5) promised fulfillment related to the company’s ability to
fulfill promises and is associated with words involving “request”,
“promised”, “engineer”, “problem” and “fulfillment”; and (6) punctu-
ality indicating the adherence to visiting dates and times, as well as the
ability to promptly communicate schedule changes to occupants.

Analyzing the popularity of these factors provides valuable insights
into occupant interests and highlights the strengths and weaknesses of
the construction defect repair process. Notably, “rapid response”,
“promised fulfillment”, and “punctuality” garnered increased interest
over time, suggesting that the company may need to enhance its effec-
tiveness in addressing these aspects of the construction defect repair
process. The topic “repeated construction” consistently drew attention,
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Fig. 7.

implying that the company has not efficiently addressed this issue, as
evidenced by a surge in claims between April 2019 and July 2019.
Conversely, “defect processing” and “service and finishing” seemed to be
on a decreasing trend, indicating that the company has been effectively
meeting occupants’ requirements in these areas. As a result, analyzing
the popularity of these factors not only highlights occupants’ interests in
the context of construction defect repair services but also reveals areas
where the company can improve and excel in its processes.

As future works, this paper involves a few limitations. First, the
evaluation metrics identified by this paper is required additional vali-
dation with a more extensive corpus of text-based information related to
occupant experience in defect repair service, newly built apartments.
This is because the trends in topics identified through LDA are not
adequately represented in the current dataset, primarily due to its
temporal distribution imbalance. For instance, concepts like “defect
processing” and “service and finishing” appeared to exhibit a declining
trend. Still, their interpretation remains ambiguous due to the limited
number of defect claims documented within the specific timeframes (e.
g., from January 2020 to May 2021). Furthermore, enhancing the
dataset collection process to ensure comprehensive coverage across
various regions and to capture recent defect claims is crucial. This is
essential because the interests and concerns of occupants may vary over
time and across different geographical areas. Consequently, tailoring the
construction defect repair process to align with these varying interests
becomes an essential consideration in different regions.

Second, previous studies (Hagen et al., 2015; Yalcinkaya and Singh,
2015; Nanda et al., 2021) have reported that topic labeling, which dis-
covers the names of topics, is completed by human interpretation and
judgment through the expert experiences and knowledges. Corre-
sponding to this process, this paper determines the names of topics with
industrial partner and research team based on the words assigned into
each topic. However, this manual approach may involve subjective
perception and opinions. To address this limitation, as a future work,
qualitative analysis is required to ensure whether or not the topic themes
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defined by expert and/or researchers are relatively coherent within the
words assigned to the topics or in the dataset (Dahal et al., 2019).

Third, as an initial process to develop the POE for construction defect
repair services in newly constructed apartments, this paper aims to
identify factors as the evaluation metrics, which are main interests of the
occupants in the construction defect repair service process, using LDA
analysis based on the text-based occupant experiences. Although the
popularity analysis represents the trends of occupants’ interests over
time, this paper does not provide the priorities among the identified
factors clearly which should be attention by the company to improve the
defect repair service since the dataset used in this paper involves all
opinions with satisfaction and dissatisfaction. To address this limitation,
sentimental analysis can be used to define the emotional state or opinion
of occupants’ experiences at each factor into positive (happy) and
negative (unhappy) scores [71, 72]. Then, ranking the identified factors
is implemented by aggregating these scores to determine which factor
(e.g., the highest negative score) should be priority to be improved for
better serviceability and quality of the defect repair service.

Lastly, while this study employs the LDA algorithm to discern the
factors necessary for developing POEs, it is worth noting that a wide
array of text mining techniques, including semantic network analysis
and deep learning, can be harnessed to extract these factors from sub-
stantial datasets automatically. Subsequently, a comparative analysis of
these techniques can be conducted to assess their efficacy in identifying
evaluation metrics related to occupants’ experiences in construction
defect repair processes in newly constructed apartments or other
facilities.

5. Summary and conclusion

Given the high demand in South Korea, apartments, constituting
78% of residential projects, have witnessed substantial construction.
This trend has coincided with an increase in defects within these newly
constructed apartments throughout the life cycle of construction
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projects. Notably, such defects often serve as a primary catalyst for the
persistent rise in construction disputes between general contractors and
occupants over the years. While previous studies have identified and
eliminated the root causes of construction defects, some are not identi-
fied until the occupancy phase. Hence, it becomes imperative to identify
and meet the requirements of occupants during the repair process of
construction defects at the occupancy stage, recognizing that occupant
dissatisfaction can significantly contribute to construction disputes. POE
is a valuable tool for collecting feedback for diverse purposes, including
assessing energy performance, IEQ, occupants’ satisfaction, and pro-
ductivity. However, POE often takes a subjective form, such as ques-
tionnaires, designed from the viewpoint of companies or managers,
which may not accurately reflect user experiences and satisfaction. In
addition, no study has been paid attention to developing objective POE
concerning the construction defect repair service at newly constructed
apartments.

To address these combined limitations, this paper endeavored to
identify evaluation metrics utilizing the LDA algorithm to reflect occu-
pant experiences concerning the construction defect repair service in
newly constructed apartments based on the Korean textual format. The
results highlight key evaluation metrics, including “repeated construc-
tion”, “rapid response”, “promised fulfillment”, “punctuality”, “defect
processing”, and “services and finishing.” Furthermore, a popularity
analysis underscored the urgent need for improvement in “rapid
response”, “promised fulfillment”, and “punctuality” within construc-
tion defect repair services, as these areas exhibit a concerning upward
trend which means that the company does not correspond to the occu-
pants’ interests efficiently and effectively. In terms of the proposed
approach’s effectiveness, it can contribute to (1) continuously moni-
toring occupant experiences and preferences regarding construction
defect repair services, accommodating changes over time and across
different regions, and (2) serving as a foundation for ongoing en-
hancements in the serviceability and quality of construction defect
repair services.
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